Introduction Intracranial EEG (iEEG) recordings

140
Intracranial EEG (iEEG) signals were referenced to a common electrode and were resampled at 1000 Hz. We applied We collected electrophysiological data from a total of 4623 subdural and depth recording contacts (PMT Corpora- brain. Pre-op MRI's were used when post-op MRI images were were not available.
151
We analyzed iEEG data using bipolar referencing in order to reduce volume conduction and confounding inter- virtual electrodes (referred to as electrodes throughout the text), originating from the mid-point between each con-and iteratively removed electrodes that exceeded 1.3 standard deviations from the the average of the remaining 165 electrodes until no additional electrodes exceeded this threshold. This procedure eliminated 758 electrodes leaving 166 2727 bipolar pairs for our study.
167
Data analyses and spectral power 168 We computed the spectral power for each bipolar electrode at every time point during the experimental session by 169 convolving the raw iEEG signal with complex valued Morlet wavelets (wavelet number 6) to obtain the magnitude of 170 the signal at each of 30 logarithmically spaced frequencies ranging from 3 to 180 Hz. We squared and log-transformed 171 the magnitude of the continuous-time wavelet transform to generate a continuous measure of instantaneous power.
172
During every trial, we convolved each wavelet with two separate time windows -a baseline period extending from 173 600 to 100 ms before word pair presentation, and an encoding period from 300 ms after word pair presentation until 174 300 ms before the offset of the word pair from the display screen ( Figure 1A ). In addition, we computed power for 175 ten 2000 ms windows from the beginning of the clinical recording segment before task specific activity began for each 176 session and averaged those to get an extra-task window. We included an additional 1000 ms buffer on either side of 177 each time window to minimize any edge effects and which was not subsequently analyzed.
178
To examine the relation between overall raw power and performance across participants, we used the above 179 measures of raw spectral power. To examine how changes in power on individual trials affected performance, we z- values and spectral widths as described in the Results. We defined spectral width using units of octaves such that 188 the spectral width of a given slope was equal to the log 2 of the ratio of the highest frequency to the lowest frequency.
189
Calculating sample entropy 190 We used a metric of sample entropy to measure the complexity of the iEEG signal. Sample entropy, by construction,
191
is a measure of predictability. Specifically the sample entropy (SampEn) of a time series is the negative natural 192 logarithm of the conditional probability that any two sub-sequences of length m within the series, that are similar 193 within a tolerance r, remain similar at length m+1 (Richman and Moorman, 2000) . Two patterns that are close 194 together in m-dimensional space and that remain close together in m+1-dimensional space indicate fewer irregularities 195 or less complexity in the signal. Similarity is measured using the Chebychev distance between the two sub-sequences. 
For an embedding dimension m, a tolerance r, and a time-step τ , the formal equations for the calculation of 198 sample entropy for a given time series y(t) are as follows (Sokunbi et al., 2013; Vakorin and McIntosh, 2012) :
where x m (i) refers to the i th possible template vector of length m, such that x 3 (2) = (y 2 , y 3 , y 4 ). || · || refers to 200 the maximum norm and H is the Heaviside step function.
201
An embedding dimension m of 2, a tolerance r of 0.2 * std(x(t)), and a constant time-step τ of 1 ms were used 202 in all analyses. Of note, the number of 3 element matching template sequences is necessarily less than or equal to 203 the number of 2 element matching template sequences, implying that the ratio 
Commonality analysis decomposes explained variance into 2 k − 1 independent effects for k predictor variables.
217
Therefore the number of effects increases exponentially with the number of predictors. We used the R package yhat
218
(Nimon et al., 2013) to perform commonality analysis.
219
Anatomic visualization
220
To visualize how the relation between spectral power and task performance is spatially distributed, we created 1441 221 regions of interest (ROI) evenly spaced across a 1 cm x 1 cm grid covering the pial surface of a population average 222 brain. In each participant, we identified all electrodes located within 12.5 mm of each ROI. We designated the raw 223 power for each ROI in each participant as the average raw power across all electrodes assigned to that ROI. For each
224
ROI that included electrodes from at least six participants, we determined the Spearman's correlation between raw 225 power and task performance across the participants with electrodes contributing to that ROI. We therefore generated 226 a value for the correlation between raw power and task performance for each ROI. Any ROI that contained electrodes 227 from fewer than six participants was excluded from statistical analyses.
228
We generated cortical topographic plots of the anatomic distribution of these correlations by assigning each vertex statistic to the distribution of largest cluster statistics drawn from each permutation. Clusters were determined to 264 be significant and corrected for multiple comparisons if their p value calculated in this manner was less than 0.05.
265
To assess whether the relation between sample entropy and performance at different time scales was significantly 266 from zero when summarizing across participants, we used a similar permutation procedure. In this case, for every 267 ROI, we used a two-tailed t-test to compare the distribution of values to zero. This generates a t-statistic for the 268 true data. Then, during every permutation, we randomly inverted the sign of the metric and produced a permuted 269 distribution of t-statistics. We compared the true t-statistic to the permuted distribution to generate a p-value and 270 z-score for every ROI. As above, we used a clustering procedure to identify contiguous ROIs with p < 0.05, assigned 271 each contiguous cluster a cluster statistic based on the sum of the corresponding t-statistics, and then calculated 272 the exact two-tailed p-value for each cluster observed in the true dataset by comparing its cluster statistic to the 273 distribution of largest cluster statistics drawn from each permutation. 
298
In each participant, we extracted the raw spectral power contained in the signal during a baseline time window We found that this relation between raw overall broadband power and task performance was robust and inde-306 pendent of the specific task periods. For example, raw broadband power during the baseline period before word 307 presentation was also inversely correlated with task accuracy (r s = −0.42, p = .0052, N=43). Moreover, we also 308 12 . CC-BY 4.0 International license peer-reviewed) is the author/funder. It is made available under a The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/180240 doi: bioRxiv preprint first posted online Aug. 24, 2017; during only correct or only incorrect trials ( r s = −0.42, p = .0055 and r s = −0.42, p = .0051, respectively), sug-310 gesting that this effect reflects each participant's overall baseline neural activity rather than simply the proportion 311 of trials that featured successful encoding in each participant. Finally, to determine if this relation reflects each 312 participants underlying physiology or is dependent on a task evoked state, we also examined this relation during an 313 epoch recorded prior to the beginning of the task when the participant was awake, at rest, and under no instruction.
314
We found the negative correlation between overall broadband power and task performance was also preserved during 315 this extra-task period, suggesting that this effect is not task dependent but is related to baseline cognitive behavior 316 (r s = −0.40, p = .0090). This finding departs from most memory studies in that we claim that our result does 317 not depend on the fact that the subject is undertaking a memory task at the time, allowing us to generalize our 318 electrophysiological correlates to normal daily activities.
319
We next examined whether the inverse correlation between raw power and task performance was specific to We were also interested in whether the relation between raw power and task accuracy varied across brain regions 328 (regions of interest, ROIs; see Materials and Methods). For every ROI, we determined the correlation between both 329 average raw broadband and theta power in all electrodes within that ROI and task performance across participants.
330
The inverse correlation that we found between cortically distributed raw power and task performance localized to 331 regions of the temporal and parietal lobes in both hemispheres ( Figure 2C,D, top) . Using a non-parametric clustering 332 algorithm, we found that spatially contiguous regions exhibited a significant correlation across participants within examined the overall raw PSD in each participant to determine whether the observed changes in broadband power 344 with task performance may be related to changes in the slope of the PSD.
345
We first divided the participants into three terciles based on task performance (low, medium, or high accuracy) to 346 visualize the average raw PSD in each cohort ( Figure 3A) . Below 30 Hz, the average PSDs of the three populations 347 easily separate, with the lowest performing participants exhibiting the largest low frequency raw power. As suggested 348 by our analysis examining the correlation between raw power and task performance, dividing participants into these 349 terciles yielded a significant effect of performance tercile on low frequency power (ANOVA using average raw power 350 < 30 Hz; F (2, 40) = 5.07, p = .011). At higher frequencies (> 30 Hz), however, the distinction between participant 351 groups was negligible (F (2, 40) = 1.21, p = .308).
352
We next calculated the spectral slope of the average raw PSD between 10-100 Hz for each participant ( Figure   353 3B, insert). We chose this frequency range to avoid the low frequency knee and the effects of action potential permutation procedure) and localized them to the left frontal and left temporal lobes ( Figure 3D ).
360
As with raw broadband and theta power, this relation between PSD slope and task performance was robust and 361 independent of when during the task the calculation of PSD was made. We found participants with greater task calculate the PSD slope in order to identify the non-oscillatory components of spectral power. In our initial analysis,
372
we used a range of 10-100 Hz. However, other groups have used different frequency ranges and it is possible that our 373 findings are sensitive to this parameter.
374
To ensure that the observed relation between PSD slope and task performance was not specific to the range 375 of frequencies we used to calculate PSD slope, we iterated through a library of different frequency windows, each 376 comprised of a center frequency and a spectral width, to compute PSD slopes. We examined PSD slope using every 377 possible frequency window between 3 and 180 Hz. We found that the slope was largely unaffected by spectral width, Figure 3E ). Above 18 Hz, the PSD slopes 380 ranged between -2 and -3 , while at lower center frequencies we observed PSD slopes as flat as -1. We examined how 381 varying our measure of PSD slope affected the relation between PSD slope and task performance. We correlated each 382 PSD slope calculated with different center frequencies and spectral widths with task performance and confirmed that 383 PSD slopes were positively correlated with task accuracy for most center frequencies regardless of spectral width 384 ( Figure 3F ). This suggests that when examining the role of spectral slope, most ranges centered above 20 Hz should 385 give congruent results.
-INSERT FIGURE 3 -
387
Assessing information content through sample entropy
388
The relation between spectral slope and accuracy may be partially explained by the complexity of the underlying 389 iEEG signal which may in turn suggest a higher capacity for processing information. However, while spectral slope 390 is related to signal complexity (Keshner, 1982), it is not a direct measure. We therefore calculated sample entropy 391 to quantify signal complexity of the iEEG trace, a measure that has previously been successfully used for discerning with greater complexity in their iEEG signal, and therefore higher sample entropy, would exhibit better task perfor-400 mance. We calculated the average sample entropy during the encoding period across all trials and all electrodes and 401 found that participants with greater sample entropy performed significantly better on the task ( Figure 4C , r s = 0.57, 402 p = .0001, N = 43), suggesting that the observed relation between task performance and PSD slope is related to 403 the complexity of the underlying neural signal. The relation between sample entropy and accuracy was distributed 404 across the cortex but was particularly localized to the left temporal lobe ( Figure 4D ).
405
As with power and spectral slope, we found that this relation was preserved when looking at correct trials 
Our data demonstrate that related measures of signal complexity -low frequency power, spectral slope, and sample 413 entropy -show strong relations with overall performance during an associative memory task across participants.
414
However, most studies of human memory have focused on subsequent memory effects in which differences between 415 correct and incorrect trials are assessed within individuals. We were therefore interested in whether the observed 416 changes in neural signal complexity across participants would also be observed across different time scales within 417 participants. We specifically investigated changes in sample entropy during individual sessions and trials to index 418 changes in brain state complexity at the time scales of hours and seconds, respectively.
419
We first examined the relation between sample entropy and performance during individual sessions for each 420 electrode in each participant who completed at least three sessions. In individual participants, we found that sample 421 entropy correlated with performance on a session by session basis ( Figure 5A ). Across all participants, we found that 422 this relation was consistent and significantly greater than zero (t-test of Fisher transformed correlation coefficients, 423 t(21) = 3.55, p = .0019, N=22; Figure 5B ). We found that the relation between session level sample entropy and 424 task performance localized to the left anterior temporal lobe ( Figure 5C ).
425
To ensure this effect was not driven by item level differences between sessions in entropy, we initially restricted 426 this analysis to only correct trials. However, when we examined all trials together, or when we examined only 427 incorrect trials, we found similar effects suggesting that the observed session level relations are independent of item 428 level effects (t(21) = 2.71, p = .0130 and t(21) = 2.125, p = .0456, respectively). Moreover, the rest epochs prior 429 to the task in each session also exhibited a significant positive relation between sample entropy and performance
430
(t(21) = 2.15, p = .0431).
431
Next, as is routine in most memory studies, we examined differences between correct and incorrect trials to 432 understand the relation between sample entropy and memory encoding at the time scale of seconds. We first z-scored 433 sample entropy within each session to eliminate any session level variance, and found that participants exhibited 434 significantly higher sample entropy for correct compared to incorrect trials ( Figure 5D ,E, t(43) = 3.252, p = .0023).
435
The item level changes in sample entropy localized to the left inferior prefrontal cortex and left posterior temporal 436 lobe (5E). Both the session level and item level effects are calculated such that they are completely independent from 437 one another and the previously explored participant level effects.
438
From these tests alone, it is unclear over what time scale the changes in sample entropy are occurring. These correlates of human memory, an unresolved question has been why different studies have demonstrated conflicting 508 results, particularly with respect to low frequency oscillatory power (Hanslmayr and Staudigl, 2014). In our data, we 509 tracked memory performance using low frequency power that was not normalized relative to any baseline and found 510 that it was inversely correlated with overall memory performance. Moreover, within each individual, fluctuations in 511 neural activity were predictive of how well they performed at any given moment. Our data therefore may provide 512 some insight into the conflicting data observed in previous studies. These conflicts have been previously attributed 513 to differences in task design and electrode coverage. However, because of the variability in baseline power between 514 individuals, these conflicts may also be affected by where each cohort of participants sits in this range of baseline 515 power and how that may impact the changes in power observed over shorter time scales.
516
As examining the structure of the full PSD across all frequencies can often yield a more complete picture of PSD slopes in their overall brain activity were able to perform the task more successfully.
523
The slope of the PSD has been hypothesized to reflect the balance between excitation and inhibition, and com- providing further support to the proposition that brain signal variability is functionally relevant. Moreover, we show 543 that within individuals, variability in neural signal complexity across time scales also tracks memory performance for 544 the individual participant. The variability that we experience in our daily lives with memory performance is likely 545 therefore influenced by these changing levels of neural signal complexity.
546
Of note, participants in our study were also neurosurgical patients with drug resistant epilepsy. In the majority 547 of cases, their seizure activity localized to the temporal lobes, raising the possibility that the observed effects in this 548 brain region may also be related to the underlying pathology of the disorder itself. Greater disruptions of normal 549 temporal lobe function could result in less signal complexity in this brain region, which could then lead to worse 550 memory performance on this paired associates task. We took several precautions to mitigate the effects of epileptic 551 activity on our study including removing electrodes identified as ictal or interictal and removing electrodes that 552 showed higher variance activity relative to the rest of the population. Despite our best efforts, it is still possible 553 that pathological activity may explain some of the observed relationships between complexity metrics and memory 554 performance. In this scenario, however, the interpretation of our data does not change since decreased neural signal 555 complexity, regardless of whether it can be attributed partly to epilepsy or to other factors, would still be related to rates do not relate to recall performance across participants (Horak et al., 2017). This is in contrast to the effects 561 we report here, which are observed during both rest and task periods. Moreover, controlling for the same level of 562 overall pathology within individuals, we find the same metrics were related to memory performance across multiple 563 timescales. It is difficult to explain how pathologic activity would consistently predict memory performance at every 564 different timescale, or even why most effects in our data also extend to non-pathologic frontal lobe clusters. Hence, 565 although the participants' underlying disorder may certainly affect normal neural information processing, our data 566 suggest that the individual differences in neural signal complexity that relate to differences in memory performance 567 are unlikely to be driven by pathology alone.
568
Finally, it is also possible that the changes in neural complexity that we interpret to denote cognitive flexibility 569 in fact simply capture changing levels of attention. For example, patients may feel drowsier in some experimental 570 sessions than others and these differences in levels of engagement may be captured by our complexity metrics.
571
However, we note that changes in sample entropy from baseline to encoding states also occur over shorter timescales 572 within an individual experimental session. These fine-grained temporal changes consistently capture differences 573 between successful and unsuccessful associative memory encoding trials even though the baseline entropy levels are 574 not different between the two conditions. Moreover, at the other extreme of time scales, participant-level complexity 575 metrics correlate with memory performance as well as IQ. Therefore, it is unlikely that drowiness explains all of the 576 observed relationships found here between neural complexity and memory performance at multiple scales. Attention 577 may indeed play a direct role in determining the extent to which neural state space is explored during a task. However, The copyright holder for this preprint (which was not . http://dx.doi.org/10.1101/180240 doi: bioRxiv preprint first posted online Aug. 24, 2017;  the possibility that changing levels of attention may explain our results is still consistent with the interpretation that 579 theta power, spectral slope, and sample entropy ultimately reflect cognitive flexibility and a capacity to encode 580 information.
581
Together, our data therefore provide insight into why memory performance may be variable both between and 582 within individuals. Our data suggest that how well one can encode and retrieve memories is related to the flexibility Total R 2 = 0.3885. Unique + Common = 100% of R 2 .
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